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Ontology Mapping - An Integrated Approach

Marc Ehrig and York Sure
April 28, 2004

Abstract

Semantic mapping between ontologies is a core issue to solve for enabling
interoperability across the Semantic Web. To handle the increasing nwhber
individual ontologies it becomes necessary to develop automatic ajya®aln
this paper we present such an approach. In brief, we determine siynifaough
rules which have been manually formulated by ontology experts. Themwet of
these rules are then aggregated to gain one overall result. Seveséhigoemall
actions follow. In the end we have pairs of ontological entities mapping to one
another. Finally, we evaluate the approach thoroughly with very promissgts.

1 Introduction

1.1 Motivation

The Semantic Web community has achieved a good standingnwtfith last years. As
more and more people get involved, many individual ont@egire created. Interop-
erability among different ontologies becomes essentigiaio from the power of the
Semantic Web. Thus, mapping and merging of ontologies besacore question.
As one can easily imagine, this can not be done manually lteg@ertain complexity,
size, or number of ontologies any longer. Automatic or astie@mi-automatic tech-
nigues have to be developed to reduce the burden of manaaiacrend maintenance
of mappings. Similar questions arise in other knowledgeasgntation domains such
as e.g. UML or Entity-Relation-Models .

1.1.1 Scenario

One specific application at Karlsruhe, which requires magjind merging is derived
from the SWAP project (Semantic Web and Peer-to-Peer). TeRSproject wants to

enable individuals to keep their own work views and at theesime share knowledge
across a peer-to-peer network. For this reason tools avédeabfor each peer to easily
create an own ontology. This ontology represents the viewheriocal file system,

emails, or bookmarks. Through the peer-to-peer networkneonication between the
individual peers becomes possible without relying on aregimtstance. Formal queries

http://swap.semanticweb.org



are sent around in this network, and peers which know an aneply to these queries.
(Natural language) Examples for such queries could be: “igithe the email address
of York?” or “Which documents on Marc’'s computer are aboutikirty?”. This
knowledge can then be integrated into the knowledge regrgsiff the original asking
peer. Additionally every peer advertises the topics he hast imformation on; this
expertise is saved by the other peers.

In our scenario mapping becomes necessary for differeks.tadapping is required
every single time a decision is taken on which peer has krdy@@bout a certain topic,
and thus will be addressed with the query. Naturally, a tprgieer can only answer
incoming queries, if it can interpret the entities with resfto its own knowledge base.
Query rewriting is required [CGL04]. Finally, the originally asking peer receives
answers. When including this information into the own logabkledge base, the new
knowledge has to be linked to already existing knowledgeudEgntities have to be
identified. Mapping therefore plays a big role in the profg@¢AP, which was a core
motivation for the research presented in this paper.

1.2 Overview

In this paper we present an approach to combine differeritagity measures to find
mapping candidates between two or more ontologks.our hypothesis H we ex-
pect better mapping results from intelligent approaches incombining different
similarity identifying measures than today’s approaches an provide.

The next section defines and explains general concepts thisisrbased on: on-
tology, similarity, and mapping. In section 3 the similgrihethods based on rules
derived by human experts are introduced. The section 4 mpieserr approach for
combining and integrating these various methods. In se&ti@thorough evaluation is
performed showing the strengths of our approach. Finalated work, the next steps,
and a conclusion are given.

2 Definitions

In this section our understanding of ontologies is presknk@r clarification we also
discuss the general meaning of similarity. Additionallylde ideas on how to bring
the two worlds together. Our notion of mapping will be presednn the end.

2.1 Ontologies

As the knowledge we want to map is represented in ontologieyill briefly define
this term here.

In philosophy an ontology is “a particular theory about tta¢une of being or the
kinds of existents"[MW]. It also covers the basic questionhmw to record the real
world. [Gru93] discuss a more technical view of ontologteg, most prominent defini-
tion being “An ontology is an explicit specification of a ceptualization”. A concep-
tualization refers to an abstract model of some phenomentireiworld by identifying
the relevant concept of that phenomenon. Explicit mearisthigatypes of concepts



used and the constraints on their use are explicitly defifibds definition is often ex-
tended by three additional conditions: “An ontology is apleit, formal specification
of a shared conceptualization of a domain of interest”. Edmafers to the fact that the
ontology should be machine readable (which excludes faamt® natural language).
Shared reflects the notion that an ontology captures conakkisowledge, that is, it
is not private to some individual, but accepted as a grou réference to a domain
of interest indicates that for domain ontologies one is ntgrested in modelling the
whole world, but rather in modelling just the parts which astevant to the task at
hand.

The following short definition describes ontologies as useaur scenario. In the
understanding of this paper they consist of schema and edetad

0 := (O’H07R07HR7[7R17A)

An ontologyO is a tuple consisting of the following. The conceptof the schema
are arranged in a subsumption hierarélyy. RelationsR~ exist between single con-
cepts. Relations (properti@ésyan also be arranged in a hierarcHy;. Instances/

of a specific concept are interconnected by property instaRg. Additionally one
can define axiomsl which can be used to infer knowledge from already existing. on
An extended definition can be found in [SEBB]. Common languages to represent
ontologies are RDF(8)or OWL?, though one should note that each language offers
different modelling primitives and, thus, a different lee&complexity.

Graph 1 shows a graphical representation of a simple ontolétuman beings
and political regions are modelled within a hierarchy. Ehare relations between the
concepts such as a person having a birhtplace in a poligggbmn. Finally we show
instances of country: Russia, Germany, etc.

2.2 Similarity

We start with a short definition of similarity from Merriam Wgter’s Dictionaryhav-
ing characteristics in common: strictly comparabkrom our point of view we want to
strictly compare two entities to find identity among themeTefinition already gives
us a hint on how to check for similarity: two entities need coom characteristics to
be similar. We also give a formal definition of similarity eeterived from [Bis95]:

o sim(z,y) = sim(y, x): similarity is symmetric

2|n this paper we treat the wordslation andpropertyas synonyms.

Shttp://iwww.w3.0rg/RDFS/

4http://www.w3.0rg/OWL/

5We assume symmetry in this paper, although we are aware thabihisoversially discussed [MWO1].
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Figure 1: Clipping of an ontology

e similarity and distance are inverse to each other.

o sim(z,z) < (sim(z,y) + sim(y, z)): The triangular inequation is valid for the
similarity measuré.

2.3 Similarity for Ontologies

What is the meaning of similarity in the context of ontologiéhe basic assumption is
that knowledge is captured in an arbitrary ontology encgpdBased on the consistent
semantics the coherences modelled within the ontologyreaanderstandable and
interpretable. From this it is possible to derive additidk@owledge such as, in our
case, similarity of entities in different ontologies. Anaemple shall clarify how to get
from encoded semantics to similarity: by understanding ltizels describe entities in
natural language one can derive that entities having the dalbels are similar. This
is not a rule which always holds true, but it is a strong inttic&or similarity. Other
constructs as subclass relations or type definition cantbgpireted similarly.

After the general descriptions of ontologies and simijawie now want to give a
formal definition of similarity for ontologies.

e O;: ontology, with ontology index € N

e sim(x,y): similarity function

6please notice that the triangular inequation is not alwayes|[e].



e ¢;;: entities ofO;, with e;; € {C;, R;, I; }, entity indexj € N

o sim(e;, j,, €iy5,): Similarity function between two entities, ;, ande;, ;, (i1 #
12); as shown later this function makes use of the ontologieBeéntities com-
pared

A key question remains how the functietm(e;, ;, , €i,5,, Oi, , Oi,) can be computed.
This will be part of the discussion in this paper.

2.4 Mapping

Due to the wide range of expressions used in this area (ntgrglignment, integra-
tion etc.), we want to describe our understanding of the tenapping”. We define

mapping as cf. [Su02]: “Given two ontologies A and B, mappimg ontology with

another means that for each concept (node) in ontology Aryte find a correspond-
ing concept (node), which has the same or similar semarticstology B and vice
verse.” Other but similar definitions are given by [DFKO01][8ow97]. We want to

stick to this definition, more specific we will demand themesemantic meaning of
two entities

Formally an ontology mapping function can be defined theWaithg way:

e map: O;; — O,

o map(e;, ;) = €5, It sim(e;, ;,,ei,5,) > t with ¢ being the threshold
entity e;, ;, is mapped onte;,;,; they are semantically identical, each entity
ei,j, IS mapped to at most one entity, ;,

The central contribution of this paper is to present an appraach for defining this
mapping function. We only consider one-to-one mappings between single estiti
Neither do we cover mappings of whole ontologies or substneer complex mappings
as concatenation of literals (e.g. name corresponds tonfnste plus last name) or
functional transformation of attributes (e.g. currencypvarsions).

3 Similarity Measures

Our mapping approach is based on different similarity messuln this section we
want to describe how the various similarity methods have loeeated.

3.1 Manual Rules

Our implemented approach is based on manually encoded ntapges. Please note
that the mappings itself are not yet encoded through rues(EMWKO00]). We are
using rules to identify possible mappings. This manualref® necessary because
coherences in ontologies are too complex to be directlykzhby machines. An expert
understanding the encoded knowledge in ontologies fortesiimachine-interpretable
rules out of the information. Each rule shall give a hint onettter two entities are
identical, but no rule for itself provides enough supportit@mbiguously identify a



mapping. Naturally, evaluation of these manually creatdebrhas to be a core element
of the overall process.

3.2 Similarity Stack
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Figure 2: Similarity stack

The presented general idea will now be explicitly used temeine similarity be-
tween ontologies. To get a better understanding, the rodesadegorized in a similarity
stack as shown in graph 2. Ontologies are based on certaabutacies which are well-
defined, well-understood, and with a generally acceptechingaThe left part shows
these aspects arranged along their complexity, which igsetefrom the “layer cake”
of [BLHLO1]. Special shared ontology domains e.g. SWAP-owon in the mentioned
SWAP project, have their own additional vocabulary. Thétigart therefore covers
domain-specific aspects. As this domain-specific knowlezige be situated at any
level of ontological complexity, it is presented as a boyoasrall of them. In the next
paragraphs the general semantic meaning of features iglibgséollowed by the con-
crete derived rules, being tagged with a numliser)with n € (1,..17). As many of
the rules are derived from existing literature, we give refiees where applicable.

3.3 Single Similarity Methods
3.3.1 Entities

The first level describes entities as is. No ontological m®rations are needed for
these features. Labels are human identifiers (names) fitiesnnormally shared by
a community of humans speaking a common language. We caafaheinfer thaff
labels are the same, the entities are probably also the q&hesee example 1). Sev-
eral ideas have already been created to compare labelshe.gdit distance[Lev66].
Dictionaries (e.g. WordNet [Fel]) can further be used fomparisons even across lan-
guages, although some restrictions apply. Another featiobjects can be an identifier
such as URIs, which are unique for every entity. Therefor&mav thatif two entities
have the same identifier they are identi¢@ap).

<ow :Class rdf:ID=""idl" "’ >



<rdfs: | abel >t el ephone nunber </ I abel >
</ow :C ass> <owl : Class rdf:ID=""id2" ">
<rdf s: | abel >phone nunber </ 1 abel >
</ow : Cl ass>
Example 1.Two entities id1 and id2 with similar labels.

Even without being able to interpret “label” or “URI” it isiBtpossible to do compar-
isons - based on string or number matching.

3.3.2 Semantic Nets

The second level is the level of Semantic Nets as e.g. intediby [Qui67]. A concept
is a general class of objects. They are in relation to othemigh attributes or prop-
erties. If the properties of two concepts are equal, the conceptsaale equal(R3).
The same is true for propertietf.the domain and range (the original and the result
concept) of two properties are equal, the properties are &éRr#4).

3.3.3 Description Logics

The third level described here covers ontologies which tiaeomplexity as provided
by Description Logics [BMNPS03]. A taxonomy can be creatgdraconcepts, in
which a concept inherits all the relations of its super-egts. Another rule is that if
concepts are the same, they will probably have the same-sopeepts. We turn the
rule around:if super-concepts are the same, the actual concepts ardasitnieach
other (R5). In practice we calculate the degree of overlap of the tweesiwoncept
sets, which provides a number between 0% and 100% [CAFPI#] fidally the sub-
concepts of two equal classes will also be the saffiessub-concepts are the same,
the compared concepts are simil@R6) [MMSV02]. Also, if concepts have similar
siblings (i.e. children of parents), they are also simi(&7).

<ow : Class rdf: 1 D=*‘“autonmpbile’’/> <ow :Class rdf:ID="‘car’’/>
<owl : d ass rdf:1D="*porsche’’ >

<rdfs: subC assOf rdf:resource=""‘autonobile ’>

<rdfs:subd assOf rdf:resource='‘car’’>
</ ow : Cl ass>
<ow :C ass rdf:ID=""‘nmercedes’’ >

<rdfs:subd assOf rdf:resource='‘car’’>

<rdfs:subCl assO rdf:resource='"‘autonobile ’>
</ow : Cl ass>

Example 2. Two entities with the same sub-concepts.

Itis also possible to group properties into a taxonomy, Withcorresponding rules
resulting: super-propertiegR8) andsub-propertiegR9). The next piece of informa-
tion which can be added are instances. An instance is a spewtfiy of a general class
from which it inherits all the relations. A concept on theathand can also be defined
as a representative for a set of instances. We can thereferahatconcepts that have
the same instances are the safR&0) [DMDHO02]. Vice versajnstances that have the



same mother concept are simil@R11). It is also interesting to have a look at the pos-
sible distribution of instances on concegfoncepts have a similar low/high fraction
of the instances, the concepts are sim{lR12). Like concepts are interconnected via
properties, instances are also regarded to be intercath&@ properties instances.
This means thaf two instances are linked to another instance via the saropepty,
the two original instances are simildR13). To a certain degree we can also turn this
around:if two properties connect the same two instances, the ptigsecan be similar
(R14).

3.3.4 Restrictions

We continue with ontologies using restrictions. This isex@d by e.g. the ontology
language OWL. In OWL there are properties such as “samelngiis” or “same-
ClassAs”. They explicitly state that two entities are the safRd45). A number of
further features from OWL could be used, but are discardetlisttine, as they do
not have any wide distribution yet: property charactesss(symmetric property, func-
tional property, inverse of, inverse functional propertgstrictions of values (all values
from, some values from, cardinality, has value), equivedef@quivalent class, equiva-
lent property), set operators (same individual as, samesag)meration (one of), and
disjointness (disjoint with). From all of them new rules ttefrmine similarity can be
derived.

3.3.5 Rules

Higher levels of the ontology “layer cake” [BLHLO1] can albecome interesting for

similarity considerations. Especially if similar rulestiveen entities exist, these enti-
ties will be regarded as similar. For this one would have ticpss higher-order rela-
tionships. Unfortunately there has not been sufficientaeteand practical support for
the rule layer in the Semantic Web in general, not at all fonilsirity considerations.

3.3.6 Application-specific Vocabulary

All the similarity methods so far use features of the generdblogy definition. Be-
sides this one can to have ontologies which an applicapecific vocabulary from a
certain domain. If the vocabulary is clearly defined and ethétrcan be taken for ad-
ditional similarity considerations. As an example we tdk@antology used within the
SWAP project, in which every file has a unique hash-code aedidf the hash-codes
of two files are the same, one can infer that they are the $&R16). Additionally, files
with the same MIME-type are similaat least in their formatX17).

3.3.7 Similarity Paths

In a bigger environment one can expect to have to do more emphpping e.g. of
elements of multiple ontologies. In this case we can use dtiemof similarity itself
to receive information on other mappings. Similarity as mkdi here has transitive
characteristics if A is similar to B, and B is similar to C, A sémilar to C. Some
relaxation has to be added when the paths become too long.



Rule | Name

R1 labels

R2 URIs

R3 properties

R5 super-concepts

R6 concept siblings

R7 | sub-concepts

R10 | instances

R11 | fraction of instances

R15 | sameAs relation (links the twog

Concepts are similar, if .. .[rule]
...are similar

R1 labels

R2 URIs

R4 | domain and range

R8 super-properties

R9 sub-properties

R14 | connected instances

R15 | sameAs relation (links the twg

Relations are similar, if ... [rule]
...are similar

R1 labels

R2 URIs

R11 | mother-concepts

R13 | properties and instances

R15 | sameAs relation (links the twg
Files are similar, if additionally R16 | hash-code

...[rule] ...are similar R17 | mime-type

Instances are similar, if ... [rule]
...are similar

Table 1: Rules and Complexity



In this section we have presented 17 expert encoded rulgsré1). For all these
similarity measures we now need a way to integrate them.

4 Integration Approach

With the single similarity methods some more steps are redui receive the best
possible mappings.

4.1 Combination

According to our hypothesis, a combination of the so farg@mé=d rules leads to better
mapping results compared to using only one at a time. Cleathall introduced simi-
larity methods have to be used for each aggregation, edlyesesome methods have
a high correlation. We present both manual and automatimaphes to learn how to
combine the methods. Even though quite some methods egisesearch paper fo-
cused on the combination and integration of these methad8gé&er mapping results
are expected from intelligent approaches to this.

4.1.1 Summarizing

A general formula for this integration task can be given bynmarizing over then
weighted similarity methods.

Sim(e’iljl ) eizjz) = ZZ:I Wy sTMmy; (eiljl ’ e’izjz)
with wy, being the weight for a specific metheén; andn € N

Please note our assumption that similarities can be aggegad are increasing
strictly. The naive approach would be to simply add the tssafi the single methods
giving them a weight which indicates their importance. Thaghts could be assigned
manually or learned e.g. through maximization of the f-nueagsee section 5) of a
training set.

The reader might wonder why we don’t normalize the sum and thk average
to determine equality. In our approach we are basicallyilupkor similarity values
supporting the thesis that two entities are equal. If a measoesn’'t support the thesis,
it still doesn’t mean that it's opposing it. These consitierss are directly derived from
the open world assumption which we respect in this paper.

4.1.2 Sigmoid Function

A more sophisticated approach doesn't only weight the sintyl methods but per-
forms a functional computation on each of them. In the givesedhe most promising
function would be the sigmoid function, which has to be gifto fit our input range
of [0...1] (see figure 3).

Sim(eiljl ) eizjz) = 221:1 Wy X S1g (Simk(eiljl ) eizjz) - 05)

with sig(z) = m%w anda being a parameter for the slope

10
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0,2 -
0,1 -

Figure 3: Sigmoid function

The rational behind using a sigmoid function is quite sim@ehigh similarity value
should be weighted over-proportionally whereas a low vgleetically can be aban-
doned. An example shall make this clear. When comparing tivel$athe chance of
having the same entity if only one or two letters are difféiswery high. On the other
hand if only three or four letters match there is no informtin this similarity at all.
The parameters of the sigmoid function can be regarded agamsgon of the similar-
ity methods, as they have to be adjusted according to theauietiey are applied to.
A nice side-effect of this intuitive aggregation of methdslthat one can easily define
the cut-off line for equal entities.

4.1.3 Machine Learning with Neural Networks

A very convenient way of determining how to combine the mdhis to use a ma-
chine learning approach. As we have continuous inputs, smiye machine learning
approaches make sense. Support vector machines [JoaS@japossibility. In our
work we focus on neural networks [Hea02]. Specifically sfi@wie chose a three layer
neural network consisting of a linear input layer, a hiddeyet with atanh function,
and a sigmoid output function (see GrapH.4A lot of literature discusses how to
choose the number of layers, nodes, and edges. We will stialstimple approach, as
we focus on similarity considerations rather than efficratchine learning. The neu-
ral network approach also takes the burden from us to datermit-off values, which
is a very important advantage. Unfortunately one needs arigunt of examples to
train the network, and always is endangered to overfit theah@etwork.

4.2 Cut-off

As described earlier, goal of this approach is to find corneappings between two
ontologies. After the just described steps we have a listkwibnsists of the most

"http://www.joone.org
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similar entities of two ontologies plus the correspondiingilarity value. Now remains
the question which level of similarity is appropriate toitate equality for the mapping
and which strongly indicates inequality? It is importantiiake the decision where to
put the cut-off. We use the thresholds as cf. [DR02]. Evemilarity value above the
cut-off indicates a match; everything below the cut-off isndissed. Three possible
heuristics are now described. Still, defining the cut-ofid$ at all easy or intuitive.

Constant similarity value For this method a fixed constant has to be defined.
b = ¢, with b being the cut-off

All matches with a similarity above this constant are valithe difficulty is to
determine this value. Possible approaches are to take aagaverhich maxi-
mizes the f-measure in several test runs. Alternativelyigitimmake sense to use
experts to determine the value. Latter only works if the kinty value can be
interpreted completely, as one can with the sigmoid sunmagoin.

Delta method In this method the cut-off value for similarity is defined taking the
highest similarity value of all and subtracting a fixed vaftem it. Again this
can be found through maximizing over different f-measures.

b= maz(sim(es,ey)|Vey € O1,ey € O2) — ¢

n percent This method is closely related to the former one. Here we tiagédnighest
similarity value and subtract a fixed percentage from it.

b= maz(sim(eq,ey)|Veg € O1,ey € O2)(1 — p)

The latter two approaches are motivated from the idea thalssity is also dependent
on the domain. The calculated maximum can be an indicatdahfer

Our approach focuses on classifying the found mappingswaa@roups: equal or
not equal. As a potential extension in future we foreséleree layer semi-automatic
approach having: correct mappings, mappings to be confiimacually, and dis-
missed mappings.

12



4.3 Additional Actions

Using small additional actions can lead to significantlytdretesults.

4.3.1 Multiple Rounds

For calculating the similarity of one entity pair many of tescribed methods rely
on the similarity input of other entity pairs. The first roualivays has to be a general
method like the comparison based on labels, which does lyatmeany other pairs. By
doing the calculation in several rounds one can then achessdready calculated pairs
and receive a better similarity. Several possibilities mtestop the calculations have
been described in the literature: a fixed number of roundshaages in the mappings,
changes below a certain threshold, or dynamically depgnaimhow much time and
calculation power can be provided.

4.3.2 Best Mappings Only

When having more than one round of calculation the questizesif the results of
each round should be converted/adjusted before they afeafddfor the next round.
One approach is to reuse only the similarity of the best magpfound. A possible
way could be to give the best match a weight pthe second best cg and the third

of % Potentially correct mappings are kept with a high prolighliut leave a path for
second best mappings to replace them. The danger of hawéraysitem being diverted
by low similarity values is minimized.

4.3.3 Deletion of Doubles

The goal of the current approach is to gain a single mappihgdsn two entities from
the best similarity values. As there can be only &mestmatch, every other match
is a potential mistake, which should be dropped. Practica# do cleansing in the
mapping table by removing entries with already mappediestitConsequently the
second highest similarity will take over the place of thetfinse, if the first has been
deleted.

The evaluation in Section 5 will show the value of these simatlefficient actions.

4.4 Process

All the ideas presented so far describe how two entities eatompared to one another
and determine a mapping measure between them. We use thwifglmethodology
(see figure 5):

1. Starting point are two ontologies which have to be mapMd.will therefore
calculate the similarities between any valid pair of eetti

2. In a first round basic similarities are set via measureghwvare independent of
other similarities. In our case we rely on the label similaqual URIs, or the
sameAs relationR1, R2, andR15). The complete similarity matrix is calculated
from this. Alternatively a default low similarity value céme chosen.

13
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Figure 5: Mapping Process

3. In a second step the overall similarities between thdiestire calculated based
on all the introduced similarity measureR1( throughR17), always using the
now existing previous similarities of other entities if teeed.

4. Following the presented additional actions steps twothrek are repeated for
multiple rounds (either a fixed number of times, or until thember of changes
per round drops below a threshold value). In a last step @sulrle deleted and
similarities which are too little (i.e. below the cut-off lue and therefore not
worth to mention) are removed and only the best similaraiesdisplayed.

5. These will then be used as the final mapping table. Theybagilevaluated as
explained in the next section.

5 Evaluation

The problem of mapping between ontologies already prodsoede interesting ap-
proaches. A thorough evaluation of our new approach is ptedéere.

5.1 Implementation

From all the presented methods and actions one can derivatagst to finally deter-
mine the similarity between two entities and decide if thag be regarded as equal or
not. These will then be tested. The implementation itse dane in Java using the
KAON-framework for ontology access and maintenance. All the tests were muan o
standard 750 MHz Pentium 3 Notebook.

5.2 Evaluation Scenario

Our evaluation is based on the introductory example giveSention??. We have
presented an application scenario for mappings at the biegjrof this paper.

We basically take two ontologies and create mappings bettieeentities based on
a given strategy. These mappings are validated againsbtthect mappings which had

8http://kaon.semanticweb.org/
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been created in beforehand. Our goal was to reach the besemafmappings, which
is quantified in the f-measure (see next section). As thelatesquality of mappings
is highly dependent of the complexity of the ontologies thelwes, we focus on the
relative performance of different mapping strategies.

5.3 Metrics

To allow for comparability not only between our own test esribut also with existent
literature we will focus on using standard information ietal metrics. The definitions
of precision and recall is adapted by us to fit the given ewalnacenario [DMRO02].

Recall describes the number of correct mappings found in compatisdhe total
number of existing mappings.

r= F#correct_found_mappings
"~ Fpossible_existing_mappings

Precision We measure the number of correct mappings found versustéentonber
of retrieved mappings (correct and wrong).

__ #correct_found_mappings
b= F#all_found_mappings

F-Measure is a measure combining the two mentioned measures. It wasntirg-
duced by [VR79].

f= (l’;@# with b = 1 being a factor to weight precision and recall.

The given standard measures are used to calculate the iiofjomeasures from which
we expect to gain important insights.

11-Point Measure is the 11-point interpolated average precision at the TRE&®n-
pititions. We adjusted it to the similarity scenario: elevgoints are equally
distributed between the best match and the least matchwHyisve can gain an
average precision, recall, or f-measure.

Measures at Cut-Off takes into account how well the algorithm can determine tvhic
mappings are still valid and which should be dismissed.

5.4 Data Sets

Four data sets each consisting of at least two ontologies usad for evaluation pur-
poses. From the differences of them we expect a represenéatiluation.

Russia 1 In this first set we have two ontologies describing Russiae @htologies
were created by students with the task to represent thertonitéwo indepen-
dent travel websites about Russia. These ontologies hauxmately 400
entities, including concepts, relations, and instancé® tdtal number of theo-
retical mappings is at 280, which have been assigned manills scenario is
an easy scenario, with which many individual methods caresied.

Shttp://trec.nist.gov/
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Russia 2 The second set again covers Russia. This time the two or¢slbgve been
additionally altered by deleting entities and changing dtrecture as well as
the labels at random. Each ontology has about 300 entitits 245 possible
mappings, which were captured during the generation. Matlyese mappings
can not even be identified by humans any longer.

Tourism Two ontologies which were created separately by differentigs of people
describe the tourism domain of Mecklenburg-Vorpommerre@efal state in the
north-east of Germany). Both ontologies consist each ofieh@0 concepts and
relations, but no instances though. 300 manual mappinge ererated. The
interesting part of this scenario is the question how mésgiformation (in our
case the missing instances) affects the outcomes of ounithlgo

SWRC The SWRC (Semantic Web Research Community) ontology desctite do-
main of universities and research. Its size is about 30Qiestiwith very little
instances. For this setting three more very small ontolo@dout 20 entities
each) were created. In total we have 20 possible mappingsualig deter-
mined) against the SWRC ontology. This scenario was derrad the SWAP
case where small queries (plus additional context) areteeant existing ontol-
ogy for validation.

From the differences of the data sets we expect a represergaaluation.

5.5 Strategies
For the tests we chose to use five similarity strategies:

Label (S1) For this strategy only the labels of entities were regardl].(This strat-
egy can be regarded as the baseline against which we neealtatevthe other
strategies with more advanced measures.

All (S2) As a next step all described similarity methodsl (throughR15) are inte-
grated through simple addition.

Weighted (S3) All similarity methods are integrated including differentights for
each method. The weights were calculated by maximizing vkeadl f-measure
in the four test data sets. Additionally five rounds of similacalculation are
done and doubles are removed.

Sigmoid (S4) Again all methodsR1 to R15) are taken, but they are weighted with
the sigmoid function. The parameters of the sigmoid fumstiovere assigned
manually with respect to the underlying similarity methdd. the five rounds
only the best results were fed back into the next round. Kirddubles were
removed. A constant was used to determine the cut-off.

Neural Nets (S5) The results of the methods are fed into a neural network. étifva
(20%) of the evaluation examples was taken for training pses. The rest was
then used for evaluation. A constant value for cut-off waedrined from the
same training set manually.
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5.6 Results

For space purposes we will only present the results of thedata set graphically
(Figures 6 through 168j. The dark curve represents the calculated similarity. All
matches are arranged by their similarity value (see Tablenzth the left side of the
graph showing the highest value and the right side showiadawest value. With
each new match we recalculate the other measures. Each girapis the respective
precision, recall, and f-measure value. The vertical limass the cut-off border. This
is the point we have to measure if we are looking for exactly walue. Alternatively
we also measured the 11-point average to gain a view of théewhwve. The left
axis describes the value of recall, precision, and f-megshe right axis describes the
value of the similarity methods.

| Entity 1 | Entity 2 | Similarity |
http://lone.org/russia#tmusic meh://8807#music 1
http://lone.org/russiatthaseconomofgcimeh://8807#haseconomicalfact 0,9473
http://lone.org/russia#costmoneyeating meh://8807#costmoney 0,9473
http://lone.org/russia#includecity meh://8807#includetown 0,9167

Table 2: Excerpt of the Similarity Result Table

In the beginning all strategies have correct mappings,H®iptecision gets worse
very fast with some of them. Only regarding labels already vy good results
(Figure 6). By just combining semantical measures blindéydon’'t gain anything,
except for a slightly higher overall recall level (Figure But, as soon as we use some
more sophisticated methods and actions the results becettes Figure 8). Precision
stays high much longer than by just using labels. The oveeatll also achieves
higher levels resulting in an overall higher f-measure. &teanced sigmoid doesn't
gain too much when looking at the curves (Figure 9), but adlawnuch clearer cut-off.
Whereas the cut-off of other strategies seems to be chosdomdy (it was actually
tried to maximize the f-measure over all tests), the fixedealfc = 2 ** almost hits
the maximum f-measure in every test. Finally we used an @gbravere the weights
were learned automatically through a neural network. Thalte were less promising
than we had expected (Figure 10). It seems that precisionsilmaches the manual
sigmoid level, but recall is lower than with any other method

The three other data set results are summarized in Table B Wiz only wrote
down the 11-point average and the measures using a fixedaowresfor cut-off or a
value based on subtracting a fixed amount delta.

10we refer to http://www.aifb.uni-karlsruhe.de/WBS/meh/licdtions/ESWS for the complete graphs as
well as the used ontologies.

11The cut-offc = 2 was chosen, because this represents the standard valiearéased by a value af
for full similarity support.
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duration | 11-point | 11-point 11-point precision | recall | f-measure| precision| recall | f-measure
insec. | precision| recall f-measure c c c delta delta delta

russial label 30 0,7012 | 0,3768 0,428 0,8023 | 0,4734| 0,5955 0,8023 | 0,4734| 0,5955

russial all 133 0,6856 | 0,4086 0,4516 0,7459 | 0,4876| 0,5897 0,7135 | 0,5194| 0,6012

russial linear 525 0,8509 | 0,4998 0,5575 0,9209 | 0,5759| 0,7086 0,9607 | 0,3462| 0,5090
russial sigmoid 520 0,8692 | 0,5146 0,5735 0,9473 | 0,6360| 0,7610
russial neural net 1103 0,7887 | 0,4391 0,4977 0,9718 | 0,4876| 0,6494

russia2 label 20 0,3525 | 0,2179 0,2475 0,5346 | 0,2583| 0,3483 0,5346 | 0,2583| 0,3483

russia2 all 116 0,4914 | 0,2414 0,2746 0,4500 | 0,2583| 10,3282 0,3986 | 0,2822| 0,3305

russia? advanced linear| 520 0,5065 | 0,2644 0,2978 0,4758 | 0,3301| 0,3898 0,5277 | 0,1818| 0,2704
russia2 advanced sigmoid 411 0,6699 | 0,3632 0,4111 0,7192 | 0,3923| 0,5077
russial neural net 875 0,5994 | 0,3062 | 0,350496814| 0,7763 | 0,2822| 0,4140

tourism label 51 0,7733 | 0,6540 0,6119 0,8206 | 0,8472| 10,8337 0,8206 | 0,8472| 10,8337

tourism all 986 0,7686 | 0,6531 0,6075 0,5217 | 0,9444| 0,6721 0,5929 | 0,9305| 0,7243

tourism advanced linear| 5132 0,7844 | 0,6632 0,6214 0,6945 | 0,8842| 10,7780 0,6518 | 0,8842| 0,7504
tourism advanced sigmoid 4155 0,7809 | 0,6620 0,6188 0,8851 | 0,8564| 0,8705
russial neural net 9146 0,7760 | 0,6489 0,6097 0,9471 | 0,7454| 10,8342

swrc label 12 0,6888 | 0,5505 0,5325 0,7647 | 0,7222| 10,7428 0,7647 | 0,7222| 0,74285

swrc all 18 0,4143 | 0,4090 0,3800 0,5 0,2778| 0,3571 0,5625 0,5 0,5294

swrc advanced linear 40 0,4292 | 0,4646 0,4261 0,6667 | 0,6486| 0,5882 0,5454 | 0,6667 0,6

swrc advanced sigmoid 40 0,8058 | 0,6667 0,6417 1 0,7222| 0,8387
russial neural net 89 0,6942 | 0,5303 0,5223 0,75 0,6667 | 0,7059

Table 3: Test results
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5.7 Discussion

As a hypothesis we expected better mapping results from inli@ent approaches

in combining single similarity methods. A general comparison graph (figure 11) is
plotted at the end of this section. This comparison graplvshbe average results over
all four tests. We will now discuss these results in moreitleta

As a baseline for comparison we used strategy S1 “Label”.

One can see very well that the combination of methods leadssignificant in-
crease of recall, precision and f-measure. The semantaaktructures do help to
determine similarity. It also seems that by simply addirgrssults of the methods lin-
early results are not always better. Only small gains areddar some measures. It is
especially difficult to determine the cut-off point, whictewequire for automatic map-
ping. Using the sigmoid function for weighting finally doe®pide the full power of
semantical rich structures. For every single plotted meathe results are better than
by just using labels. In our evaluation the values of precisrecall and f-measure
show an average increase of 20%.

Machine Learning might help. The problems we encountergghirite a gen-
eral problem of machine learning. The training algorithiegrto gain most for the
given examples. Unfortunately this inherently leads torditeng to a certain degree.
When ontologies diversing structurally from the trainingaogies are supposed to be
mapped, results drop drastically. Vice versa manuallygagsl weights are more ab-
stracted from the given ontologies and therefore perforttebeA second problem was
to model the additional actions e.g. the modelling of remgdoubles could not be fed
into the neural network resulting in a network not optimizedthe whole integrated
mapping process.

A short comment about the absolute quality of mappings hdsetmade at this
point. Some mappings are simply not identifiable, not evemdoyans. This is the
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reason why some results only reach an unsatisfying levetcdlk As a result the
above considerations were based on relative performardiff@fent measures among
each other.

5.8 Implications

As a hypothesis we expected better mapping results from inti@gent approaches
in combining single similarity methods. This was the idea we had when developing
the new combination methods. Our original hypothesis H delyi fulfilled:

Semantics can help to determine better mappings (S1 vs. S4).

Precision is considerably higher for the more advanced combinatiothats. Espe-
cially interesting is the fact that precision generally igher for these methods,
no matter where the cut-off is placed in the mapping tableis Timportant
when thinking of full-automatic solutions, where we wantkigep the wrong
mappings as low as possible.

Recall also rises along the richness of methods.

F-measure as our core evaluation measure reaches the highest valtieef&4 Sig-
moid strategy for every data set.
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Average Increase of 20%in precision, recall and f-measure.

Naive Combinations of mapping methods often do not make the results better, but
worse (S2 All, and even S3 Weighted) . The effort for advaraaefully deter-
mined methods is therefore very important.

Machine Learning might help (S5). The problems we encountered are generad pro
lems of machine learning such as over-fitting. We also falsegbtoblem that the
additional actions could not be completely integrated theomachine learning
approach, which lead to lower results.

The results are very promising and motivate to continue workhis.

6 Outlook
6.1 Related Work

Most of the ideas for measuring similarity are derived frammenon sense and can be
easily understood. To our knowledge the existing appraafdwis on specific methods
to determine similarity rather than using an overall apphoa

Some authors have tried to find a general description of arityilwith several of
them being based on knowledge networks. [REO0OQ] give a geneeaview of simi-
larity. [RE99] try to include different kinds of context. Adady some years old and
not directly addressing ontologies but rather knowledgecsitres is the work [Fra93].
However, all these approaches often lack the specific agifit for ontologies and
significant testing.

As the basic ontology mapping problem has been around foe s@ars first tools

have already been developed to address this. The tools PRQWNNP02] and Anchor-
PROMPT [NMO01] use labels and to a certain extent the streatfiontologies. Their
focus lies on ontology merging i.e. how to create one ontplmg of two. The quality
of the automatic methods are checked by a human by veriffi@gttions before they
are processed. Anchor-PROMPT can therefore be categdozid semi-automatic
tools. [DMDHO02] already used a general approach of relardtbelling in their tool
GLUE. Most of their work is based on the similarity of instascthough. It might
be sufficient enough in environments with many instanceswillicreate problems in
other domains, if less instances are existent. [McGOO}ed=atool for mapping called
Chimaera. Potential matches are presented to the usedinglthe hierarchical order.
This allows an easier decision for the user.
Besides equality first steps are taken in the direction ofgteramatches. These
could also include concatenation of two fields such as “fissh@” and “last name” to
“name”’[DR02]. [BMSZ03] further present an approach for s@tic mappings based
on SAT. This is not regarded in this paper, but may show thection of future work.

Despite the large number of related work, there are vetg kpproaches on how
to combine the many methods. [DMDHO02] give a first hint, butra continue the
research on it. The above mentioned tools (PROMPT, GLUE) atso require some
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kind of integration, but do not raise the issue. The presuynade only naive summa-
rization approaches. Solving the integration aspects \&esof the motivation of this
paper.

[RHAVO03] express their insights from a database view. Matgas from the
database community, especially concerning efficiency [(88#K02] and [MNUO0O]),
should also be regarded when talking about ontologies. Waratommunity involved
in similarity and mapping are object-oriented represémiat[BS98]. [Ruf03] did this
for UML. When having agents communicating mapping becomgmitant as shown
in [WB99]. This is a little related to the described peer-gepscenario this work was
originally based on.

6.2 Problems and Future Steps

Even though the shown approach retrieves good resultsefudts are not 100% cor-
rect. This might be tolerable in some scenarios. Unforelgaif full-automatic map-
ping is done, and inferencing builds on top of it, wrong résgln bring down the
value of the whole mapping process. Implications of thid hélve to be understood
well when using it. A common approach to circumvent this jrobis to declare
the process as semi-automatic rather than doing full-aaticrmapping. Nevertheless
there is a general problem on how to deal with inexact or fuafgrencing and fuzzy
results in the ontology domain. To our knowledge this aresntideen thoroughly
investigated yet, but is started [DP04].

Another problem is a general problem when doing comparis&specially with
big ontologies complexity of similarity calculations carog exponentially. Already
by comparing every entity with every other entity the apptobecomes infeasible for
big amounts of data. By adding complex similarity measuné@sys get even worse.
One can expect a complexity 6f(log(n)? x n?). Itis derived from:O(log(n)) for
entity accessQ(1) for the method complexity, an@(n?) for the full comparison of
all possible pairs. Approaches from other domains (e.@hdetes [MNUOQ]) to reduce
complexity might be a good start. As data in ontologies esgee certain semantics the
calculations might be channelled using these semanticstauging with comparisons
of top-level elements in the hierarchy. This is anotherddiom of our future work.

6.3 Conclusion

The mapping problem arises in many scenarios. We have shanettzodology for
identifying mappings between two ontologies based on ttedligent combination of
manually encoded rules. Evaluation proved our initial jpsis, i.e. the combination
of our presented similarity measures leaded to considebatier results than the usage
of one at a time. One can summarize that precision, recallf-ameasure increase by
20% compared to label-based approaches. Semantics hilgggrthe mapping gap.
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